There is an increasing demand for information on organic carbon (OC) in subsurface horizons, because subsurface horizons down to the bedrock can contribute to more than half of soil carbon stocks. In this study, we developed pedotransfer functions (PTFs) for predicting OC content in subsurface horizons of European soils. We used a dataset with a wide geographical coverage in Europe. The dataset was stratified sequentially into land-cover and soil categories. For each category, PTFs were developed by multiple linear regression with the main soil and climatic factors of soil OC storage as predictor variables: OC in topsoil (0-20 cm), depth of subsurface horizons, texture and bulk density (BD) in subsurface horizons, and mean annual temperature and precipitation. Three land-cover categories were separated: woodland, a combined category of grassland and non-permanent arable land, and permanent arable land. For the combined land-cover category, two soil categories were identified: (i) soils with clay-rich subsoil and soils with little horizon development and (ii) organic-rich soils and soils rich in Fe and Al compounds. The adjusted R 2 of all PTFs was above 0.62. When PTFs were applied to independent data, the adjusted R 2 was above 0.51 for all of them. The PTFs showed good prediction ability, with root mean square error (RMSE) values between 2.43 and 13.82 g C kg −1 soil. The adjusted R 2 and RMSE of PTFs were better when BD was used as a predictor variable. The PTFs could be implemented easily for applications at the continental scale in Europe.
Summary
There is an increasing demand for information on organic carbon (OC) in subsurface horizons, because subsurface horizons down to the bedrock can contribute to more than half of soil carbon stocks. In this study, we developed pedotransfer functions (PTFs) for predicting OC content in subsurface horizons of European soils. We used a dataset with a wide geographical coverage in Europe. The dataset was stratified sequentially into land-cover and soil categories. For each category, PTFs were developed by multiple linear regression with the main soil and climatic factors of soil OC storage as predictor variables: OC in topsoil (0-20 cm), depth of subsurface horizons, texture and bulk density (BD) in subsurface horizons, and mean annual temperature and precipitation. Three land-cover categories were separated: woodland, a combined category of grassland and non-permanent arable land, and permanent arable land. For the combined land-cover category, two soil categories were identified: (i) soils with clay-rich subsoil and soils with little horizon development and (ii) organic-rich soils and soils rich in Fe and Al compounds. The adjusted R 2 of all PTFs was above 0.62. When PTFs were applied to independent data, the adjusted R 2 was above 0.51 for all of them. The PTFs showed good prediction ability, with root mean square error (RMSE) values between 2.43 and 13.82 g C kg −1 soil. The adjusted R 2 and RMSE of PTFs were better when BD was used as a predictor variable. The PTFs could be implemented easily for applications at the continental scale in Europe.
Introduction
Organic carbon (OC) is a key component of soil, determining its ability to store and filter substances and water. Because of its central role in soil development and functioning, soil OC research has always been at the core of soil science (Schaetzl & Anderson, 2005; Brady & Weil, 2007) . In addition to its contribution to soil-based ecosystem services, OC stored in soil is a sink of atmospheric carbon; thus, it is important in relation to climate change. Globally, exist in national and continental inventories in Europe (Jones et al., 2005a) . Soil profile databases also contain information on OC in deeper soil layers. Various methods, such as the exponential decay function (Minasny et al., 2006) or the spline function (Bishop et al., 1999; Malone et al., 2009) , are used to model OC as a function of soil depth. However, most of the research on the vertical distribution of soil OC concerns individual soil taxa or was used to map soil OC in limited geographical regions (Rumpel et al., 2002; Kempen et al., 2011) . Adhikari et al. (2014) mapped soil OC at different depths in Denmark. Wang et al. (2004) studied the effect of land use and climate on the OC at different soil depths in a Chinese database.
Our objective was to develop a methodology and to derive a series of pedotransfer functions (PTFs) to predict OC content in subsurface horizons from basic soil and climatic properties in European soils. Our methodology to develop PTFs was based on the approaches used by Hollis et al. (2012) and Tóth et al. (2015) for bulk density (BD) and hydraulic PTFs, respectively. The method consisted of the following steps: (i) two-step stratification of the dataset into land-cover and soil categories (qualitative factors) based on the distribution of OC with depth, (ii) selection of soil and climatic properties that explain the variation in OC better in subsurface horizons for each land-cover and soil category identified in the stratification, (iii) development of PTFs with selected soil and climatic factors of subsurface OC storage by multiple linear regression analysis (MLRA) for each land-cover and soil category and (iv) validation of PTFs against independent data. We also compared the quality of the PTFs developed, discussed the appropriateness of the methodology applied and studied their application in Europe.
Materials and methods

Description of the dataset
A dataset was created by combining the European Hydropedological Data Inventory (EU-HYDI, Weynants et al., 2013) and the Soil Profile Database (SPADE, Hollis et al., 2006) . The dataset contained physical and chemical data, taxonomic information and classification of land cover from 7020 soil profiles across Europe; however, the information available for each soil sample was not always complete. The number of horizons sampled per profile ranges from 2 to 14. Most of the profiles (82%) were sampled down to the bedrock.
The dataset covered the main factors of OC distribution and storage in subsurface horizons (Jobbágy & Jackson, 2000; Rumpel & Kögel-Knabner, 2011) : OC in topsoil, depth of subsurface horizons, particle-size distribution and BD in subsurface horizons, land cover and soil type. Mean annual temperature and mean annual precipitation were added to the dataset (WorldClim-Global Climate Data, 2015) because climate also affects OC dynamics in soil. It was necessary to harmonize the data for soil properties because of the variety of analytical methods and classification systems used by contributors of the dataset. Contents of OC, clay, silt and sand were harmonized following Weynants et al. (2013) . Organic carbon in topsoil was calculated as a weighted average of content for a depth of 0-20 cm. Depth of subsurface horizons was considered as the depth of the horizon mid-point from the soil surface (i.e. the average depth of the subsurface horizon). Land cover at the soil profile sampling points was defined following the classification system of the Land Use and Cover Area Frame Statistical Survey (LUCAS) (Eurostat, 2015) . The LUCAS dataset is a harmonized collection of in situ land-cover and land-use data that extend over the whole of the European Union's territory. The LUCAS classification system distinguishes eight main land-cover classes with 76 subclasses in total and 14 main land-use classes with 33 subclasses in total. Soil profiles named according to national soil classification systems were converted to the soil classification system of the World Reference Base for Soil Resources (IUSS Working Group WRB, 2006) .
In land cover and soil type factors, classes with similar characteristics were combined into single classes. We defined four theoretical land-cover classes based on vegetation type and crop management: (i) non-permanent arable land included cultivated fields of cereals, non-permanent industrial crops, vegetables and fodder crops, (ii) permanent arable land included fruit trees, olive groves and vineyards, (iii) grassland encompassed pastures, grasses and shrubs and (iv) woodland included all types of forests. Reference soil groups were aggregated into five theoretical soil classes based on their dominant pedological process: (i) soils with clay-rich subsoil (CR soils) included Luvisols, Albeluvisols and Acrisols, (ii) soils rich in Fe and Al compounds (Fe−Al soils) included Podzols, Andosols, Planosols, Gleysols and Stagnosols, (iii) soils with little horizon development (LD soils) encompassed Cambisols, Fluvisols, Arenosols and Regosols, (iv) soils with organic-rich topsoil (OR soils) comprised Chernozems, Kastanozems and Phaeozems and (v) soils with limitations to root development (RL soils) comprised Leptosols and Vertisols. With this approach, the incorporation of land-cover classes and WRB reference soil groups with few observations in the statistical analysis was avoided.
Stratification of the dataset
The stratification of the dataset involved two steps. In the first step, land cover was used to stratify the data. The theoretical land-cover classes were compared with respect to OC content in the subsurface horizons. We used the non-parametric Kruskal-Wallis test at the 5% level of significance to compare the theoretical land-cover classes because: (i) the assumption of equality of variance among land-cover classes cannot be assured because of the unequal number of data in the classes and (ii) the dependent variable (i.e. land cover) is nominal and the independent variable (i.e. OC content) is a continuous variable (McDonald, 2014 ). Dunn's multiple comparison test (P < 0.05) was used to determine the differences between the classes because it is a suitable test for non-parametric data and to compare classes of unequal data size. Theoretical classes that showed similar dynamics of OC accumulation with depth were combined into single categories. Validity of the stratification was investigated to ensure that differences in OC in subsurface horizons among the soil categories identified in the stratification were related to land cover only. We selected a subset of soil profiles in which OC variables in the topsoil, depth of subsurface horizons, particle-size distribution and BD in subsurface horizons, and mean annual precipitation and mean annual temperature were as similar as possible among the theoretical land-cover classes. A Kruskal-Wallis test and a Dunn's multiple comparison test were used to compare theoretical land-cover classes and identify differences between them with respect to OC in subsurface horizons.
In the second step of the stratification, soil type was used to stratify further the land-cover categories identified in the first step of the stratification. The theoretical soil classes were compared in relation to OC content in the subsurface horizons. We used a Kruskal-Wallis test at the 5% level of significance to compare the theoretical soil classes and a Dunn's multiple comparison test (P < 0.05) to determine differences between the classes for the same reasons as in the first step of the stratification. Theoretical soil classes that showed similar dynamics of OC accumulation with depth were combined into single categories. Validity of the stratification was investigated to ensure that differences in OC in subsurface horizons among the soil categories identified in the stratification were related to pedology only. We selected a subset of soil profiles in which variables of OC in topsoil, depth of subsurface horizons, particle-size distribution and BD in subsurface horizons, and mean annual precipitation and mean annual temperature were as similar as possible among the theoretical soil classes. A Kruskal-Wallis test and a Dunn's multiple comparison test were used to compare theoretical classes and determine the differences between them with respect to OC in subsurface horizons.
Selection of predictor variables for PTFs
A correlation matrix with predictor variables and OC in subsurface horizons was computed for each land-cover and soil category identified in the stratification to avoid the presence of collinear variables (absolute correlation > 0.75) in PTFs. Sand content showed correlation with clay and silt content in all cases. Thus, sand content was excluded from the list of potential predictor variables to be selected to fit PTFs. The presence of variables with zero or near-zero variance was also analysed, but none were found. We then assessed whether reciprocal, exponential and logarithmic transformations of potential predictor variables (sand content excluded) could reduce the Akaike information criterion (AIC) in a range of linear regression models fitted with primary and transformed data.
The main soil and climatic factors for predicting OC in subsurface horizons were selected from primary and transformed predictor variables by fitting 100 linear regression models by forward stepwise regression (Tóth et al., 2015) for each land-cover and soil category identified in the stratification. Each equation was developed on a subset containing a random 80% of the data. Starting with only an intercept in the equation, the stepwise algorithm included the predictor variables that reduced the AIC of the equation most at each step. The procedure stopped when no further reduction was possible. Among the 100 equations, we looked for the most frequently occurring number of predictor variables (n) and we examined the frequency of each predictor variable among the first n terms of each equation. We selected the n most frequent variables as input for the PTFs.
Development of PTFs
The dataset was divided randomly into a training set, containing 75% of the soil profiles, and a validation set, containing 25% of the soil profiles. We made sure that each land-cover and soil category identified in the stratification would have about 75% of soil profiles in the training set and about 25% of soil profiles in the validation set. The training set was used to develop PTFs and the validation set was used to test PTFs against independent data.
For each land-cover and soil category, we performed an MLRA with selected soil and climatic properties to obtain, with the method of least squares, the best-fitting PTFs for predicting OC in subsurface horizons. We fitted a range of multivariate linear regression models with primary and transformed data where necessary. Interaction terms between predictor variables were also tested in the models. The models were evaluated for the assumptions of constancy of variance with residuals plotted against fitted values and for normality of errors with normal Q-Q plots. In all cases, a Box-Cox transformation was applied to the response variable to satisfy these model assumptions of normality and homoscedascity of variance (Box & Cox, 1964) . We chose lambda to achieve the best transformation by the method of maximum likelihood.
Validation of developed PTFs
The adjusted R 2 was computed for all PTFs to assess the quality of the fit. In addition, each category-specific PTF was applied to independent data in the validation set to assess their predictor power. Observed and predicted values of OC in subsurface horizons were used to calculate the root mean square error (RMSE) and the mean error (ME). These validation indices and the adjusted R 2 were used to compare and select the best PTFs in each category.
Software
The R statistical computing program (R 3.0.3) was used to carry out the statistical analyses for the stratification of the dataset, the selection of predictor variables and the modelling and validation of PTFs.
Results and discussion
Data exploration
Descriptive statistics of variables used for developing PTFs to predict OC in subsurface horizons are listed in Table 1 . We selected soil samples with information on OC content in subsurface horizons from the EU-HYDI and SPADE databases. This left us with 681 soil profiles for this study. The soil profiles covered a wide diversity of land cover, soil types and climatic conditions. Content and distribution of OC in the soil profiles depended on vegetation type, which is closely associated with climatic conditions at the regional and continental scales. At small spatial scales, the effect of climatic conditions on soil OC is associated with the effect of temperature and precipitation on decomposition (Ise & Moorcroft, 2006) . Pedological processes operating within a soil profile contribute to the formation of preferential pathways of organic inputs from the topsoil to subsurface horizons, which also controls the distribution of OC with depth. Overall, the depth of subsurface horizons in the soil profiles ranged from 22 to 617 cm. Organic carbon content in the topsoil (0-20 cm) ranged from 0.1 to 563.4 g C kg −1 soil, whereas values of OC in subsurface horizons (below 20 cm) were between 0 to 751.2 g C kg −1 soil (Table 1) . Organic carbon content in both topsoil and subsurface horizons included a few extremely large values in the land-cover classes of woodland and non-permanent arable land. These values were treated as outliers and were omitted from the statistical analysis. The soil profiles under woodland, non-permanent arable land and grassland had greater OC contents in subsurface horizons than permanent arable land. Table 1 shows that some Fe−Al soils and some RL soils had greater OC contents in subsurface horizons than OR soils, indicated by the maximum and median values. In soils rich in Fe and Al compounds, formation of complexes of Fe, Al and organic compounds and their transport by percolating water from topsoil to subsurface horizons explain the accumulation of OC in the soil profile. Some of the Vertisols and Leptosols included in LR soils had mollic horizons from which OC is transported downwards. This explains the presence of organic-rich subsurface horizons in some of the soil profiles of LR soils. Soil profiles included in the class of OR soils were all located in arable lands. These soils may have lost part of their OC because of agricultural practices. This would explain the smaller OC content of OR soils compared with some Fe−Al and LR soils. The class of CR soils had smaller OC content than OR soils in subsurface horizons. The class of LD soils had the smallest OC content in subsurface horizons.
Differences in BD and in clay, silt and sand contents revealed a wide range of textural classes and structural conditions among the soil profiles in the dataset. We noted that the texture of the soil profiles under woodland ranged from sandy to silty, whereas those under grassland, non-permanent arable land and permanent arable land had a finer texture.
Grouping of land-cover classes by OC distribution in subsurface horizons
In the first step of the stratification, we compared the four theoretical land-cover classes (non-permanent arable land, permanent arable land, grassland and woodland) with respect to OC content in the subsurface horizons in the dataset. Organic carbon content in subsurface horizons was significantly less in permanent arable land than in non-permanent arable land, grassland and woodland (P < 0.05, Table 1 ). This justified the decision to consider permanent arable land as a separate land-cover category. By contrast, OC in subsurface horizons was not significantly different in grassland and non-permanent arable land (P = 0.84), which should be combined in a single land-cover category. Organic carbon content in woodland was different from that in grassland and non-permanent arable land, but at P < 0.1 only. Comparison of OC in subsurface horizons between theoretical land-cover classes in the subset with similar soil and climatic properties justified the separation of permanent arable land from the other classes (P < 0.05), and the combination of grassland and non-permanent arable land into a single category (P = 0.09). Organic carbon content in subsurface horizons in woodland was significantly greater than in grassland and non-permanent arable land (P < 0.0001). Thus, woodland was considered a separate land-cover category in the development of PTFs. Finally, the stratification resulted in three land-cover categories: (i) woodland, (ii) grassland and non-permanent arable land, and (iii) permanent arable land. The effect of land cover on soil OC is associated with vegetation type and management, which control the input of OC into soil and allocation of OC within the soil profile. Woodland usually has a greater litter production that is left in place to be decomposed in situ and, as a result, greater organic inputs into soil than grassland, non-permanent and permanent arable land. Root-derived products are another important source of OC within soil profiles. In a global review that compared root patterns, trees had a deeper distribution of roots than grass and non-permanent crops (Jackson et al., 1996) . Therefore, it is reasonable to assume that the accumulation of root-derived OC in subsurface horizons of woodland would be larger than in grassland, non-permanent arable land and permanent arable land. In permanent arable land, organic inputs to soil are usually small because of small litter production and the effects of management practices, including fertilizer application and management of crop residues. Table 2 shows the best-fitting PTFs to predict OC in subsurface horizons in the three land-cover categories identified in the first step of the stratification. Because of the restricted availability of BD data in continental soil datasets in Europe, we developed PTFs first that excluded BD as a predictor variable and second that included it. For the permanent arable land category, it was not possible to develop a PTF with BD because of the small number of soil profiles with this information. For all PTFs, except those for woodland, depth of the subsurface horizon, OC in topsoil (0-20 cm), clay content, BD (when used) and mean annual temperature were selected as significant factors for predicting OC in subsurface horizons. Selection of clay content as a predictor variable is consistent with the finer texture of the soil profiles under grassland, non-permanent arable land and permanent arable land than under woodland. For woodland PTFs without BD, textural information was not selected as a significant factor for predicting OC in subsurface horizons. However, for woodland PTFs fitted with BD, silt content was selected as a significant variable. This was because of the sandy-silty textures of the soil profiles under woodland. In general, reciprocal transformation of the depth of subsurface horizon and logarithmic transformation of OC in the topsoil were required in PTFs developed to explain the relation between depth and OC in the topsoil with OC in subsurface horizons. In woodland PTFs without BD, no transformation of predictor variables was needed. In woodland PTFs with BD and permanent arable land PTFs, reciprocal transformation of the depth of the subsurface horizon only was needed. In all PTFs, Box-Cox transformation of OC in subsurface horizons was applied to ensure that the data were normally distributed and to linearize PTFs (Figure 1 ). The adjusted R 2 was equal to or above 0.62 for all PTFs. The addition of BD as a predictor variable increased the adjusted R 2 value in PTFs of woodland and the combined category of grassland and non-permanent arable land.
Fitting of PTFs for land-cover categories
Results of the predictor power of PTFs against independent data (validation set) are listed in Table 3 . Overall, the quality of the fit (adjusted R 2 ) was above 0.51 for all PTFs. The quality of the fit for PTFs of woodland with BD and permanent arable land seemed to be very good (0.88 and 0.95, respectively), but these results might not be very meaningful because the validation was based on only 10 observations. In general, the PTFs showed good prediction ability, with RMSE values between 2.43 and 7.91 g C kg −1 soil in all cases. Negative values of ME indicated that the PTFs slightly underestimated OC in subsurface horizons. By contrast, the positive value of ME in the permanent arable land category revealed that the PTF in this category overestimated OC in subsurface horizons.
Grouping of soil classes by OC distribution in subsurface horizons
Stratification into soil categories was carried out only for the combined land-cover category of grassland and non-permanent arable land. The number of observations for the other two land-cover categories identified in the first step of the stratification (woodland and permanent arable land) was insufficient to stratify them into soil categories. Furthermore, RL soils were not considered in the second step of the stratification because of the small number of observations. We compared the other four theoretical soil classes (CR, Fe−Al, LD and OR soils) with respect to their OC content in the subsurface horizons. Organic carbon content in subsurface horizons was significantly larger in Fe−Al and OR soils than in LD and CR soils (P < 0.0001, Table 1 ). Thus, we chose to combine Fe−Al and OR soils into a single soil category, and LD and CR soils into another soil category. To validate the stratification, we selected a subset with the predictor variables as similar as possible among the four theoretical soil classes and we compared their OC in subsurface horizons. Organic carbon content in subsurface horizons was not significantly different when Fe−Al and OR soils were compared (P = 0.24), and LD and CR soils were compared (P = 0.34). Finally, the validation test confirmed the combination of the four theoretical soil classes into two separate categories: (i) Fe−Al and OR soils and (ii) LD and CR soils. Although there are differences in soil genesis and soil OC development in the theoretical soil classes, the statistical analysis revealed similarities in vertical distribution of soil OC that support the development of PTFs by grouping the four theoretical soil classes in two categories as indicated.
The statistical stratification showed the importance of considering soil type to predict the stocks of soil OC (Batjes, 1996; Jones et al., 2005b) and to understand the dynamics of OC in the soil profile (Schmidt et al., 2011) . In soils with organic-rich topsoil, bioturbation is a key process that controls translocation of OC from the topsoil to subsurface horizons (Rumpel & Kögel-Knabner, 2011) and favours the accumulation of OC downwards in the soil profile. In soils rich in Fe and Al compounds, migration of complexes of Fe, Al and organic compounds downwards in the soil profile determines the greater accumulation of OC in subsurface horizons. By contrast, soils with little horizon development and clay-rich subsoil often have topsoil with medium to coarse texture and large differences in OC content. Accumulation of OC in subsurface horizons depends on clay distribution with depth in these soils.
Fitting of PTFs for soil categories
The best-fitting PTFs for the prediction of OC in subsurface horizons in the two soil categories identified within the land-cover category of grassland and non-permanent arable land are given in Table 4 . For each of the soil categories, we developed PTFs that both excluded and included BD as a predictor variable. For all PTFs, depth of subsurface horizon, textural information (silt or clay content) and the climatic variable of mean annual precipitation were selected as significant factors to predict OC in subsurface horizons. Organic carbon content in the topsoil (0-20 cm) was also selected as a significant variable for all PTFs except for that with BD in the combined category of Fe−Al and OR soils. The main factors determining BD in a soil horizon are OC and particle-size distribution (usually clay and sand contents are used to predict BD). Topsoils of both Fe−Al and OR soils, characterized by the accumulation of OC, had moderate correlations between OC and BD (−0.45) and between sand and BD (0.55), whereas the correlation between clay and BD was weak (−0.05). This would explain why OC and sand in the topsoil were not considered as predictor variables in the selection process. Reciprocal transformation of prediction depth and logarithmic transformation of OC in topsoil were needed in all PTFs to explain the relation between these predictor variables and OC in subsurface horizons. To ensure that the data were normally distributed and to linearize PTFs, the Box-Cox transformation of OC in subsurface horizons was applied in all cases (Figure 2) . All PTFs had an adjusted R 2 equal to or above 0.66. With BD as predictor variable, the adjusted R 2 of PTFs increased in the two combined soil categories identified in the stratification. Table 5 gives the prediction power of the PTFs when applied to the validation dataset. The quality of fit (adjusted R 2 ) was above 0.71 for all PTFs. The RMSE ranged from 3.64 to 4.13 g C kg −1 soil in PTFs developed for the combined category of LD and CR soils. This indicated that the two PTFs of this latter combined category of soils had a good predication ability, although they slightly underestimated OC in subsurface horizons, as reflected by the negative values of ME. In the combined category of Fe−Al and OR soils, prediction ability of the PTFs was less accurate. The RMSE was 13.82 g C kg −1 soil for the PTF without BD and 24.69 g C kg −1 soil for the PTF with BD. Values of ME indicated that these PTFs underestimated OC in subsurface horizons. 
Comparison of PTFs
Application of the methodology to fit PTFs highlighted three main aspects to consider for predicting OC in subsurface horizons: (i) stratification of the dataset enabled identification of land-cover and soil categories with different vertical distributions of OC, (ii) application of MRLA in each land-cover and soil category resulted in PTFs with strong prediction ability and (iii) BD was an important variable to predict OC in subsurface horizons. The PTFs of the three land-cover categories identified in the first step of the stratification fitted well to the data and predicted OC content accurately (Tables 2 and 3 ). This validates the statistical stratification of the dataset into the woodland category, the combined category of grassland and non-permanent arable land, and the permanent arable land category. In the second step of the stratification, the combined category of grassland and non-permanent arable land was split into two soil categories. In the combined category of LD and CR soils, fitted PTFs improved the adjusted R 2 , RMSE and ME compared with the PTFs fitted to the combined category of grassland and non-permanent arable land (first stratification step). In the combined category of Fe−Al and OR soils, fitted PTFs also improved the adjusted R 2 , although the RMSE and ME were not as good (Tables 4  and 5 ). The small number of observations for Fe−Al and OR soils in the training and validation sets did not enable us to develop better PTFs. Nevertheless, the accuracy of prediction is in the range of values of RMSE and ME shown by other research studies for predicting soil OC, for instance Brogniez et al. (2015) . Thus, it can be considered acceptable for Fe−Al and OR soils.
Bulk density is infrequently measured in regional and continental scale datasets (Tranter et al., 2007) ; consequently, it is often not used in PTFs for predicting soil OC. This study has shown that predictions of OC in subsurface horizons improved when BD was included as a predictor variable in PTFs of the woodland category and the combined category of grassland and non-permanent arable land, as indicated by the adjusted R 2 , RMSE and ME (Tables 2 and  3) . Similarly, quality of the fit and prediction accuracy increased when BD was added to the PTFs of the category of LD and CR in the combined land-cover category of grassland and non-permanent arable land (Tables 4 and 5 ). Incorporation of BD as a predictor variable also increased the adjusted R 2 of the PTF for the category of Fe−Al and OR soils in the combined land-cover category of grassland and non-permanent arable land, although the RMSE and ME were not very good (Tables 4 and 5 ). Bulk density is an important factor in the accumulation of OC because it reflects porosity of the soil. Pore-size distribution and pore continuity control water and oxygen availability to decompose OC, and spatial (in)accessibility between organic input and decomposer microorganism communities. Recent studies have shown that the physical disconnection between decomposers and organic inputs leads to the accumulation of OC in subsurface horizons (Fontaine et al., 2007; Xiang et al., 2008) .
Application of PTFs in Europe and future research
Pedotransfer functions have been fitted with pedological variables, most of which are available in regional and continental-scale datasets, and climatic data that can be obtained from national and European climatic data centres. Therefore, they can be obtained easily for the research community. In addition, the PTFs fitted well in general and had an acceptable accuracy of prediction when applied to validation datasets.
Among the predictor variables used to fit PTFs, BD is the most limiting variable for fitting PTFs in Europe. Although it is critical for pedological studies and modelling, BD is poorly documented in European datasets. Numerous studies have developed PTFs for predicting BD from particle-size distribution and OC data (Rawls, 1983; Hollis et al., 2012) . Thus, it can be difficult to use BD to predict OC with PTFs that include BD as a predictor variable because (i) soil datasets do not usually contain BD measurements and (ii) OC is needed to predict BD accurately. This suggests that the measurement of BD should be encouraged in regional and continental datasets to improve our capacity for modelling OC.
Understanding of the dynamics of OC in the soil profile is essential to improve the prediction of OC in the subsoil. Recent research has shown that physical discontinuity between decomposers and OC, formation of organo-mineral complexes and the lack of substrate supply are key factors in the accumulation of OC in subsoils (Rumpel & Kögel-Knabner, 2011; Schmidt et al., 2011) . These mechanisms are closely associated with pedological processes that operate within soil profiles. Our PTFs fitted well to the most extensive WRB reference soil groups in arable lands and grasslands in Europe and correctly reflected the dependence of OC in subsoils on basic soil and climatic properties. However, there was a lack of information for some regional-specific soil types and climatic conditions such as Calcisols and Gypsisols in semiarid and arid areas. Soils with limitations to root development, such as Vertisols and Leptosols, were also poorly documented in the dataset and it was not possible to develop PTFs for them. A further improvement of the models would require a better representation of WRB reference soil groups in databases. Last, several studies have indicated the role of mineralogy of the silt and clay fractions in the accumulation of OC by aggregation and formation of organo−mineral complexes (Torn et al., 1997; Feng et al., 2013) . Thus, a predictor variable that reflects dominant mineralogy of soil, such as type of parent material, should be considered together with particle-size distribution when fitting prediction models for OC in the subsoil in the future.
Conclusions
Stratification of the dataset showed that at least three land-cover categories can be distinguished on the basis of the vertical distribution of soil OC: woodland, a combined category of non-permanent arable land and grassland, and permanent arable land. In the second step of the stratification, the combined category of non-permanent arable land and grassland was separated into two distinctive soil categories based on their dominant pedological processes that influence OC dynamics: the combined category of CR and LD soils and the combined category of OR and Fe−Al soils. The PTFs developed with soil and climatic variables for the land-cover and soil categories showed a reasonable fit (adjusted R 2 > 0.62) and predictor power (RMSE >8 g C kg −1 soil, except for PTFs of the combined category of OC and Fe−Al soils with RMSE values of 13.8 and 24.7 g C kg −1 soil). Quality of the fit and RMSE were better when BD was included in PTFs for all the land-cover and soil categories. The PTFs of non-permanent arable land and grassland were better than those of soil categories resulting from stratification.
Although we developed PTFs for the most widely distributed WRB reference soil groups in Europe, further research is needed to study the relations between OC in subsurface horizons, soil physicochemical properties and climatic variables of some region-specific soil types such as Calcisols, Gypsisols, Histosols, Solonchaks, Solonetz, and Vertisols. Some azonal reference soil groups such as Leptosols require more research. Incorporation of the mineralogy of silt and clay fractions into PTFs to predict OC in subsurface horizons should also be considered because of its role in the formation of organo-mineral complexes and aggregation, which play a key role in the OC stabilization of soil.
